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Introduction
Pharmacotherapy is one of the most commonly applied interventions in hospital healthcare. In addition to the beneficial effects, prescribing medication also introduces risks of medication errors and adverse drug events that can lead to potentially preventable morbidity, mortality, and costs [1] [2] [3] . Patients on surgical wards are particularly at risk, due to their need for pain medication and antibiotics, frequent adjustments of antithrombotic regimens, and blood and fluid loss. In the case of elderly surgical patients, multiple co-morbidities requiring multiple drugs contribute even more to potential drug-related problems [4] .
Risk prediction is a routine component in daily care practice in both specific areas (e.g. approaches used to determine stroke risk in patients with atrial fibrillation) as well as more generally, for example in identifying patients likely to require hospital admission. Risk stratification of hospital patients for adverse drug events (ADE) can target a population that can benefit from interventions aimed to reduce drug-related morbidity, as a form of personalized medicine. It can support clinicians and hospital pharmacists in patient prioritization to deliver more efficient health care service [5] . In a systematic review Yourman et al. emphasized that failure to consider risk prediction in a clinical setting can result in poor patient outcomes [6] .
A recent review identified four studies that developed and validated ADE risk-prediction tools for use in adults over 65 years of age [4, 5, [7] [8] [9] . These prediction models had poor to modest performance and did not address clinical impact, thereby limiting clinical usefulness. Because a large number of variables contribute to ADE occurrence in patients, it is impossible to precisely predict every ADE in every patient. Therefore, Stevenson et al. suggested that these risk prediction strategies should focus either on one specific harmful ADE (e.g. gastrointestinal or intracranial bleeding) or ADEs in patients with a particular illness or clinical characteristic, for instance surgical patients [5] . In addition, since the aim is to prevent patient harm, it seems more rational to predict clinically relevant, potentially preventable adverse events, instead of adverse reactions in general.
The P-REVIEW study (Pharmacist-led Risk patients medication EValuation to Initiate Event reduction on surgical Wards) was designed to determine whether a multifaceted intervention comprised of educating the prescriber combined with medication review and pharmaceutical visits to the ward by the hospital pharmacist could lead to a reduction of adverse drug events among surgical patients [10] . In this study, experts assessed clinically relevant, potentially preventable ADE in a cohort of 13,264 admissions of surgical patients. An ADE was classified as clinically relevant when it was fatal, life-threatening, disabling, incapacitating, or when it resulted in or prolonged hospitalisation. When an ADE resulted from suboptimal care, it was classified as potentially preventable. The study showed a significant benefit for patients in the intervention period. To improve the cost effectiveness of medication review and other measures to prevent avoidable harm, it would be useful to identify patients at risk of clinically relevant ADEs in the surgical ward. For this purpose, we used the P-REVIEW data to develop a risk-prediction model that could identify patients at risk of a clinically relevant, potentially preventable adverse drug event during admission to the surgical ward, on the day of hospital admission.
Materials and methods

Study setting and population
The P-REVIEW study is a prospective open intervention study designed to investigate whether a multifaceted educational intervention could lead to a reduction of clinically relevant, potentially preventable adverse drug events among patients in surgical wards. The study was performed in two large general teaching hospitals in the Netherlands and has been described in detail elsewhere [10] . Patients who were admitted to the surgical, urological, or orthopaedic ward of one of the two hospitals during a period of six months were included. In case of readmission, patients could be included more than once. Day care patients were excluded. For the development of the prediction model, data were used from patients during the pre-intervention period.
P-REVIEW data set
Data available in the P-REVIEW dataset were collected for each admission, including patient characteristics, drug history, and biochemical, haematological, and microbiological markers. The major part of the data collection was performed automatically from the EHR (Electronic Health Record). In addition, some of the data were collected manually by a review of medical records.
Data from the day of admission of each patient was extracted. If more laboratory values were available of the same variable, the last one, being the most recent value available, was extracted.
Assessment of clinically relevant, potentially preventable adverse drug events that led to death, temporary or permanent disability, increased length of hospital stay, or readmission within 30 days was performed in the P-REVIEW study by teams of experts consisting of a hospital pharmacist and a hospital-based physician, who were not affiliated with the study hospitals. To classify seriousness the National Coordinating Council for Medication Error Reporting and Prevention (NCC MERP) index was used. Categories E to I of this index were considered to be clinically relevant. The causality between prescription error and the drug related problem was assessed using the algorithm by Kramer et al. The potential preventability was assessed using the algorithm according to Schumock et al., modified by Lau et al. [10] .
Predicting variables
From the data that were collected in the P-REVIEW study, candidate model parameters were selected on the basis of reports in the literature of their association with ADEs [1] [2] [3] [4] [11] [12] [13] [14] [15] [16] [17] [18] . Thirty-nine risk factors were identified, including patient characteristics (age, gender), department of admission (general surgery versus orthopaedic surgery and urology), type of admission (emergency versus elective); medication (number of medications, use of gastrointestinal drugs, hypoglycemic drugs, vitamin K antagonists, heparin or low molecular weight heparin (LMWH) in therapeutic dose, thrombocyte aggregation inhibitors, cardiovascular drugs in general, cardiac drugs, diuretics, betablockers, renin angiotensin system (RAS) inhibitors, antilipaemica, corticosteroids, antimicrobials, chemotherapy, non-steroidal anti-inflammatory drugs (NSAIDs), opioids, antiepileptics, central nervous system (CNS) agents in general, antipsychotics, anxiolytics, antidepressants, and serious drug-drug interactions); laboratory test results (albumin, glucose, hemoglobin, international normalized ratio (INR), potassium, sodium, leucocytes, chronic kidney disease epidemiology (CKD-EPI), oxygen saturation, positive microbiological blood culture, number of biochemical tests ordered (<20 versus !20)) [1] [2] [3] [4] [11] [12] [13] [14] [15] [16] [17] [18] . Drugs were coded according to the Anatomical Therapeutic and Chemical codes [19] . The glomerular filtration rate was computed by the Chronic Kidney Disease Epidemiology Collaboration formula (CKD-EPI) [20] . Missing data where imputed using the 'multiple imputation' procedure from SPSS version 22. SPSS uses a Markov Chain Monte Carlo (MCMC) algorithm known as Fully Conditional Specification (FCS). This method can be used when the pattern of missing data is arbitrary. For each iteration and for each variable in the order specified in the variable list, the FCS method fits a univariate (single dependent variable) model using all other available variables in the model as predictors. Linear regression was used to predict a scale variable and logistic regression to predict categorical variables. Variables of which more than 60% of data were missing were left out of the analysis.
Model development
Model development consisted of two stages [21] . In the first stage, possible predictors were tested using a univariate binary logistic regression model. Variables that were found to be statistically significant (P<0.05) were taken forward to the next stage of multivariate analysis.
In case of variables that in clinical practice can be either too high or too low and confer risk in both situations, categorization of variables was performed (for instance, low potassium values < 3.5 mmol/l, normal values between 3.5 and 5.0 mmol/l and high values > 5.0 mmol/l).
In the second stage, backward and forward elimination procedures were used in multivariate logistic regression analysis in order to detect the best predictors. The removal criterion was set at p = 0.10.
Results from the univariate and multivariate logistic regression models were expressed in terms of the odds ratio with 95% confidence intervals and p-values.
Standardized odd ratios were computed to allow for comparison of the strength of the association between the various continuous variables and the probability of an ADE. Standardization was achieved through Z-transformation.
Model performance
Model performance of the logistic regression model was expressed in the Area Under the Curve (AUC) as computed by a Receiver Operating Characteristics curve analysis (ROC analysis) using the probability as predicted by the regression model and the real outcome (ADE).
Model validation
Bootstrapping was used to assess the internal validity of the model. Two hundred bootstrap samples were drawn to assess the reliability of the model expressed in over-optimism and the uniform shrinkage factor.
Statistical analyses were performed using SPSS Statistics version 22 (IBM Software, New York). Bootstrapping was performed in SAS version 9.4.
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Results
The pre-intervention period of the P-REVIEW dataset study population comprised 6780 admissions of 5940 patients at surgical wards. A clinically relevant, potentially preventable adverse drug event during hospital stay, which led to death, temporary or permanent disability, increased length of hospital stay or readmission within 30 days was determined in 102 patients. The most frequent types of events were haemorrhage (19) , arterial or venous thrombosis(7), renal insufficiency, dehydration or electrolyte related events (13) , drug intoxication in renal insufficiency (4), central nervous system events (48) and faecal impaction (11) . Characteristics of patients who did, and those who did not experience an ADE during hospital stay are shown in Table 1 .
Univariate analysis
The candidate predictive variables of a clinically relevant ADE during hospital stay and results of the univariate analysis are reported in Table 2 .
Multivariate analysis
The significant variables (p<0.05) were identified from the univariate analysis and taken forward to the next stage.
In all 20 imputed datasets, both backward and forward elimination procedure in multivariate analysis identified the same 5 variables that were significantly associated with the risk of developing a clinically relevant adverse drug event. It appeared that these 5 predictor variables did not have missing values. Therefore, the final analysis could be performed with the original, complete dataset.
The coefficients (ß), standard errors (SE), and odds ratios (OR) with 95% confidence intervals of the variables are shown in Table 3 . The final model comprised age, number of biochemical tests ordered, heparin/LMWH in therapeutic dose, use of opioids, and use of cardiovascular drugs at the time of hospital admission.
The AUC of the model was 0.858 (95% CI 0.831-0.884). The ROC curve is shown in Fig 1. The validation of the model using bootstrap samples showed an over-optimism of 0.008 and a shrinkage factor of 0.960, leading to a corrected performance of the model of 0.85 (Table 3) .
When the cut-off point for a high risk of developing an ADE was set at 1.6%, the model showed a sensitivity of 80.4% and a specificity of 73.4%. At this cut-off level, positive and negative predictive value were 4.5% and 99.6%, respectively.
The formula of the logistic regression model that allows for calculating the individual risk of a clinically relevant adverse drug event to a surgical patient is shown below.
Formula individual risk = 1/(1 + exp(-1 Ã LP)) 
Discussion
The risk prediction model resulting from this study helps to identify surgical patients that are at increased risk of sustaining a clinically relevant potentially preventable adverse drug event. This model uses five clinical variables that can be obtained routinely on hospital admission, and that can be incorporated into clinical practice as a tool to target patients that can benefit from interventions aimed at reducing potentially preventable clinically relevant adverse drug events during hospital stay in surgical wards.
The model was developed using data from the pre-intervention phase of the P-REVIEW study, which assessed clinically relevant, potentially preventable ADE among patients at surgical wards [10] . This is the first study that developed a risk prediction model focusing on Prediction of clinically relevant adverse drug events in surgical patients clinically relevant potentially preventable ADE instead of adverse drug reactions in general. This study only targeted surgical patients, which leads to a better model performance. We only included variables that are available on the first day after hospital admission to be able to operationalize a model to predict risk during hospital stay, immediately after hospital admission. Therefore, variables such as length of hospital stay, interdisciplinary consultation or admission to the intensive care unit during hospital stay, were not included in our analysis. Our final model contains five variables; age of the patient, number of biochemical tests ordered, treatment with heparin/LMWH in therapeutic dose, treatment with opioids, and treatment with cardiovascular drugs. Our model shows an acceptable level of fit and discrimination performance. We can use the model not only to label patients at risk of experiencing a drug-related event but also to label patients that are very unlikely to experience an event. The negative predictive value of our model is very high. Therefore, one could use this model to also identify patients for whom automated computerized clinical decision support without surveillance by the hospital pharmacist is sufficient.
An overview of studies of development and validation of risk prediction models for ADR or ADE is shown in Table 4 . Other studies showed different predictive variables and found an area under the receiver operator characteristic curve (AUROC), varying between 0.70-0.74, with relatively low sensitivity and specificity scores. We hypothesized that focusing on patient cohorts with restricted clinical characteristics (surgical patients) and focusing on clinically relevant, potentially preventable adverse drug events, instead of adverse drug reactions in general, would lead to a better performing prediction model.
In our study, the strongest independent risk factor was the age of the patients. As shown in many other studies, advancing age is associated with an increased number of comorbidities in association with polypharmacy resulting in an increased risk of ADEs [2, 3, 13] . This is the first study that explores the number of biochemical tests ordered as a predictive factor for drug related events. We hypothesized that besides the use of specific laboratory values as electronic triggers, the number of biochemical tests might also be useful in identifying a risk of ADE during hospital admission. Before diagnosing the patient's condition, the physician may suspect a possible adverse outcome. This suspicion alerts the physician and leads to increased laboratory orders to clarify the patient's condition and to prevent serious problems. Moreover, deviant laboratory values will lead to further monitoring [22] . Consequently, the number of biochemical tests might be a useful electronic trigger to identify a patient at risk of ADE, pointing out an acute unstable clinical situation [16, 23] . In our study this factor has proven to be a strong predictor for drug related problems in surgical wards.
Surgery in patients who use anticoagulation therapy, is a challenge. Guidelines on perioperative management of anticoagulation are complicated and people are at risk of either bleeding or thrombosis as a result of the surgical procedures. For patients with a high risk of thromboembolism, measured with a CHA 2 DS 2 -VASC score, needing certain surgical procedures, it is necessary to perform bridging with LMWH at therapeutic dose during the perioperative period. If this procedure is not correctly performed, these patients are at high risk of serious ADEs. Pardo Carbello et al. already demonstrated that the most frequent fatal ADE is haemorrhage [24] .
We found that use of cardiovascular drugs and opioids are significant risk factors in surgical patients. Cardiovascular drugs are generally used by a vulnerable older population with multiple co-morbidities. Use of opioids often indicates (temporary) severe morbidity. The literature has shown that patients using these drugs have an increased risk of experiencing ADEs [15, 25] . This study has several strengths. The P-REVIEW database contains information on clinically relevant potentially preventable drug related events (leading to death, temporary or permanent disability, increased hospital stay or readmission) in a very large cohort. Aiming at prevention of patient harm, it seems more rational to focus on clinically relevant, potentially preventable adverse events, instead of adverse reactions in general. We focused on patients in surgical wards. By studying patient cohorts with restricted clinical characteristics the performance of risk prediction models will improve. Furthermore, we used variables that can be routinely obtained on hospital admission, so implementation can easily be operationalized.
There are some limitations to our study. In our analysis, we used potentially predictive variables that were available in the P-REVIEW database. Mostly, these data were automatically obtained from hospital databases [10] . The lack of automated coded information for some variables limited the use of these variables, e.g. information on co-morbidities using the International Classification of Diseases (ICD-10), frailty or cognitive impairment, reason for hospital admission or type of surgery performed. We internally validated our model by bootstrapping but we have not yet been able to externally validate this model in clinical practice. Because patients could be included more than once, in case of readmission, this may have led to an immortal time bias. However, since only a small patients were admitted several times in the study, we think this bias was very limited.
The development of our risk prediction model has potentially important implications for clinical practice and research. By using this model, lower-risk patients could be managed less extensively (for instance, only automatically using CPOE/CDSS), whereas higher risk patients could receive more intensive interventions, such as medication review, aimed at reducing drug-related adverse outcomes. Such selective use of ancillary precautions could also help to improve the cost-effectiveness of medication safety interventions. In that way, this risk model, which combines clinical and medication related variables can guide clinical intervention, delivered as part of an integrated system built on the principles of medication safety [5] . Future research should confirm whether intensive pharmacovigilance of high risk patients really leads to less adverse drug events in hospitalized patients. Our risk model can be incorporated into a CPOE system and thereby generate automatic risk-evaluation based on patients' medical records upon hospital admission. Above a pre-specified cut-off point, the score can assist hospital pharmacists or prescribing physicians in their decisions to review the patient's medication or to perform other relevant interventions. Under the cut-off point (not necessarily the same cutoff point), it may be possible for the hospital pharmacist to prioritize efforts in medication safety interventions and rely, when possible, on an automatic medication safety system.
Conclusions
A risk prediction model was developed to identify surgical patients at risk of experiencing a clinically relevant, potentially preventable adverse drug event during hospital admission. The resulting model contains five variables: age of the patient, number of biochemical tests ordered, treatment with heparin/LMWH in therapeutic dose, treatment with opioids, and treatment with cardiovascular drugs. This model can be used to guide the hospital pharmacist and the physician to effectively and efficiently implement clinical interventions to improve medication safety.
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